A one-year data set for the year 2015 of near-surface air temperature (T ), crowdsourced from 'Netatmo' citizen weather stations (CWS) in Berlin, Germany, and surroundings was analysed. The CWS data set, which has been quality-checked and filtered in a previous study, consists of T measurements from several hundred CWS. It was investigated (1) how CWS are distributed among urban and rural environments, as represented by 'local climate zones' (LCZ), (2) how LCZ are characterised in T along the annual cycle and concerning intra-LCZ T variability, and (3) if significant T differences between LCZ (ΔT ) can be detected with CWS data. Further, it was investigated how the results from CWS compare to reference data from standard meteorological measurement stations. It can be shown that all 'urban' LCZ are covered by CWS, but only few CWS are located in 'natural' LCZ (e.g. forests or urban parks). CWS data along the annual cycle show generally good agreement to reference data, though for some LCZ monthly means between both data sets differ up to 1 K. Intra-LCZ T variability is particularly large during night-time. Statistically significant ΔT can be detected with CWS data between various LCZ pairs, particularly for structurally dissimilar LCZ, and the results are in agreement with existing literature on LCZ or the urban heat island. Furthermore, annual mean ΔT in CWS data agree well with reference data, thus showing the potential of CWS data for long-term studies. Several challenges related to crowdsourced CWS data need further investigation, namely missing meta data, the non-standard measurement locations, the imbalanced availability in time and space, and potentials to combine CWS and reference data to benefit from the main advantages of both, i.e., the large number of stations and the high quality of data, respectively.
Introduction
Due to high spatial and temporal variability of urban climates, dense sensor networks are needed to observe and study these atmospheric conditions. The trade-off between accuracy and (maintenance) costs of instruments, however, remains a major limitation in urban climatology and a discussion point until today . Moreover, there is broad consensus that spatial heterogeneity of urban areas and their underlying structures (e.g. land cover, height of roughness elements, sky view factor, surface albedo) leads to a spatially non-uniform distribution of near-surface air temperature (T ) (e.g. Oke, 1982; Eliasson and Svensson, 2003; Unger, 2004; Kim and Baik, 2005; Kolokotroni and Giridharan, 2008; Houet and Pigeon, 2011; Suomi and Käyhkö, 2012; Fenner et al., 2014; Schatz and Kucharik, 2014; Gál et al., 2016) . Today, urban-rural air temperature differences are one of the most investigated features in studies of urban climatology (Arnfield, 2003; Stewart, 2011) and the term 'urban heat island' (UHI) expresses that urban areas are, in general, warmer than their natural surroundings. However, the term 'urban heat island' over-simplifies the temporal and spatial heterogeneity of urban climate. Besides, the terms 'urban' and 'rural', applied to distinguish measurement sites in UHI studies, do not accurately express the local settings of a measurement station (Stewart, 2011) .
The need for a standardised approach to characterise measurement locations in terms of their local surroundings was addressed by Stewart and Oke (2012) , introducing the Local Climate Zone (LCZ) concept (Fig. 1) . The concept builds on existing climate-based classification schemes (e.g. Chandler, 1965; Eleffsen, 1991; Figure 1: The local climate zone (LCZ) concept with 'urban' (LCZ 1-10) and 'natural' (A-G) LCZ, and their characteristics (adapted from Table 2 in Stewart and Oke (2012) ; text shortened, icons reworked). B: Buildings, C: cover, M: materials, F: function, tall: > 10 stories, mid-rise: 3-9 stories, low: 1-3 stories. Figure taken from Bechtel et al. (2017). show that distinct T differences (ΔT ) between stations, located in different LCZ, exist (e.g. Emmanuel and Krüger, 2012; Siu and Hart, 2013; Alexander and Mills, 2014; Fenner et al., 2014; Lehnert et al., 2014; Stewart et al., 2014; Arnds et al., 2017) .
However, only few studies so far have investigated how T varies within one LCZ (i.e., intra-LCZ variability). Lehnert et al. (2014) detected non-zero ΔT between LCZ for the city of Olomouc, Czech Republic, but they also revealed distinct intra-LCZ T variability. Such features were confirmed by a recent study in Szeged, Hungary (Skarbit et al., 2017) , showing that intra-LCZ variability is especially pronounced at night. Using data from mobile measurements for selected time periods, Stewart et al. (2014) and Leconte et al. (2015) also reported that remarkable spatial variability of T exists within the same LCZ, which they relate to microscale variability of surface characteristics such as building density or surface cover. Nonetheless, both studies (Stewart et al., 2014; Leconte et al., 2015) point out that spatially averaged T for the same LCZ yield representative values of local-scale T . However, these analyses were based on short-term observations, covering only few selected days, while long-term studies with stationary measurements addressing inter-and intra-LCZ T variability are still rare (e.g. Lehnert et al., 2014; Skarbit et al., 2017) . Main reasons are the costs and difficulties of setting up and maintaining dense observation networks within urban areas for extensive time periods (Muller et al., 2013; Chapman et al., 2015) .
The current state of urban atmospheric observation networks is discussed in a review by Muller et al. (2013) , pointing out some high-density networks such as the Helsinki Testbed (Koskinen et al., 2011) , the Birmingham Urban Climate Laboratory Warren et al., 2016) , or the Oklahoma City Micronet (Basara et al., 2010; Hu et al., 2016) . Nevertheless, the challenge remains to acquire observational data over longer time periods at high spatial resolution to adequately represent spatio-temporal heterogeneity of T as expected within urban areas (Grimmond, 2006; Muller et al., 2013) . One approach to overcome these limitations is the use of data from meteorological stations maintained by citizens, also called 'citizen weather stations' (CWS). A number of studies showed the potential of using such data for scientific applications (Steeneveld et al., 2011; Wolters and Brandsma, 2012; Bell et al., 2013; Castell et al., 2015) .
Recently, Chapman et al. (2016) and Meier et al. (2017) presented a new approach for investigating urban thermal climates using crowdsourcing techniques and obtaining freely-available CWS data from several hundred stations in London, United Kingdom (UK), and Berlin, Germany, respectively. They Meier et al., 2017) define crowdsourcing according to Muller et al. (2015) as the automated collection of data from privately owned sensors that are connected to the internet. The term 'crowdsourcing' is adopted in this study to express that the CWS data stem from an undefined crowd using identical CWS devices. The data sets used by Chapman et al. (2016) and Meier et al. (2017) originate from 'Netatmo' weather stations (https://www.netatmo.com/ product/weather/weatherstation). These CWS can be bought by interested citizens worldwide to monitor indoor and outdoor atmospheric conditions. Chapman et al. (2016) analysed night-time T and UHI distribution of London, UK, during a short summer period, showing that distinct features of the urban thermal climate can be investigated using these data. However, they, among others, also stress that quality assurance plays a key role for meaningful data analyses, and that this remains the biggest challenge when using crowdsourced data (Bell et al., 2013; Muller et al., 2015; Chapman et al., 2016) . Meier et al. (2017) presented CWS data from Netatmo weather stations in Berlin, Germany, and surroundings for an entire year, addressing the issue of quality assurance. They developed a systematic quality assessment procedure, taking the different sources of errors into account that are associated with T data from crowdsourced CWS. While Meier et al. (2017) showed that a number of challenges are linked to this novel data set for urban climate research, they also concluded that these challenges can be overcome, and that several benefits are linked to crowdsourcing T measurements. Main advantages of Netatmo CWS are the consistent use of the same type of sensors with the same technical specifications in all stations, high spatial density and coverage in many urban areas, and an application programming interface (API) provided by the company facilitating data acquisition.
In this study, the aim is to expand the analyses in Meier et al. (2017) to investigate whether crowdsourced data from Netatmo CWS are applicable for detecting and analysing spatial T differences of different urban environments. To classify these environments and the measurement sites, the LCZ concept is applied as an example for characterisation of urban morphology and surface cover. The objective is not to obtain spatially interpolated T from CWS data. The city of Berlin is chosen as test bed since it is a good example of a large city with a distinct urban climate without an influence of mountains or the sea (e.g. Hupfer and Chmielewski, 1990; Endlicher and Lanfer, 2003; Fenner et al., 2014) . To make the overall approach transferable to other urban regions, CWS data are combined with the satellite-image-based LCZ classification method of Bechtel and Daneke (2012) and Bechtel et al. (2015) . Specifically, the following research questions are addressed: (1) How is the spatial heterogeneity of Berlin's metropolitan region, as represented by LCZ, covered by CWS? (2) How are LCZ characterised in terms of crowdsourced T along the annual cycle, concerning intra-LCZ T variability, and in comparison with data from standard meteorological networks? (3) Can significant ΔT between different urban environments (i.e., inter-LCZ differences) be detected in CWS data, and can the data set thus be used for intra-urban differentiation of thermal climates?
Data and methods

Study area and period
The study focuses on the city of Berlin, Germany, and surrounding areas, located in eastern Germany (52.52 N, 13 .40 E) with a population of approximately 3.5 million inhabitants in 2015. Overall, the topography in the region is relatively flat. The central parts of the city are at approximately 30 m above mean sea level (amsl) with only solitary peaks up to 120 m amsl high at the edges of the urban agglomeration. The river Spree runs through the centre of the city. The Müggelsee lake (7.4 km 2 ) is located in the south-eastern part of Berlin, while in the western part several lakes are connected via the river Havel (Fig. 2 ). Berlin's climate is characterised by a humid warm temperate climate (Cfb) according to Köp-pen's classification (Kottek et al., 2006) .
The investigation period is the year 2015. Mean T in 2015 is 11.2°C at the station of the German Weather Service (Deutscher Wetterdienst -DWD) in BerlinTempelhof (TEMP, Fig. 2 ; Table 1), which is 1.3 K above the long-term mean . Mean daily maximum (T max ) and minimum T (T min ) are also higher with 15.6°C (+1.9 K) and 6.9°C (+0.8 K), respectively. Especially the months January, August, November, and December show positive T anomalies (Fig. 3) . Annual precipitation amounts to 507 mm a −1 in 2015, which is 69 mm below (−12 %) the long-term mean . While in January, October, and November more precipitation is recorded, the months February, May, August, and December are especially dry (Fig. 3 ).
Crowdsourced air temperature data
Crowdsourced T data from CWS of the private company 'Netatmo' (https://www.netatmo.com/) were used. Measurements of these stations are taken by two modules, i.e., an indoor and an outdoor module. The outdoor module measures T (specified accuracy by manufacturer: ±0.3 K in the range −40 to 64°C) and relative humidity (RH), while the indoor module additionally measures air pressure, noise level, and carbon dioxide concentration. Measurements are taken at approximately five minute intervals (instantaneous values), which are automatically uploaded to the Netatmo server via private WiFi connection. If the user agrees, outdoor T and RH, and air pressure measurements are shared publicly (https://weathermap.netatmo.com/), and data can be acquired at no cost via an API.
An automatic work-flow to fetch these CWS data for Berlin and surroundings at one-hourly intervals was set up, storing the data in a local database. The details of Figure 2: Local climate zone (LCZ) coverage in the study region Berlin, Germany, and locations of the reference measurement stations (black symbols). Dots mark stations that were used in the analyses; triangles mark stations that were filtered out when applying the kernel filter (cf. Section 2.4). The black line denotes the city border of Berlin. The relative frequency of each LCZ in the study region is given in the right panel, along with the number of reference sites per LCZ as symbols (dots and triangles). the method are described in Meier et al. (2017) . However, these raw data can hardly be used directly for scientific analyses. Common quality issues with these crowdsourced data are inconsistent meta-data, low data availability, outdoor devices probably installed inside buildings, and radiation errors due to exposure of sensors in sunlit places. Hence, Meier et al. (2017) developed a rigorous data quality assessment (QA) and filtering routine for T data. The QA procedure addresses the different error sources linked to crowdsourced data, i.e., soft-and hardware limitations, inconsistent meta-data, and installation deficiencies caused by the user. Meier et al. (2017) distinguish between different quality levels with level D being the highest level, which is the quality level of the crowdsourced data set used in this study. Due to a server failure no data could be collected during nine days in May and eight days in August 2015. These gaps were filled with data acquired retrospectively; details are given in Appendix A. Afterwards, the complete data for the two months were quality-checked and filtered according to Meier et al. (2017) .
The quality-checked data set used in the following consists of T measurements at one-hourly temporal resolution (instantaneous values for all times except the two periods in May and August with hourly mean values, see Appendix A) for up to several hundred measurement sites within Berlin and surrounding area in 2015. T data from CWS are denoted as cws T in the following.
To account for different elevation heights of the measurement sites all T data were corrected with respect to a reference height of 48 m amsl using the dry adiabatic lapse rate (−9.8 × 10 −3 K m −1 ). For this, globally avail- 1 The number of pixels of the same WUDAPT-LCZ as the measurement site's pixel for a 5 × 5 kernel, centred on the pixel of the WUDAPT classification where the site is located. 2 LCZ classification only carried out for measurement sites with at least 20 pixels of the same WUDAPT-LCZ as the measurement site's pixel within the 5 × 5 kernel. These sites were used in the analyses. able digital elevation data from the Shuttle Radar Topographic Mission (SRTM) (Farr et al., 2007) version 4 at 0.000833°(∼ 90 m) spatial resolution was used, and the nearest pixel value was assigned to each site. Additionally, a uniform sensor height of 2 m above ground was assumed for each site.
Reference air temperature data
Measurement data from ten sites of the Urban Climate Observation Network (UCON), maintained by the Chair of Climatology at Technische Universität Berlin, were used as reference for crowdsourced data (Table 1, Fig. 2 ). Data from this network has previously been used for studies of long-term spatial and temporal characteristics of T (Fenner et al., 2014) , and as observational data for model evaluation (Jänicke et al., 2017; Kuik et al., 2016) . All UCON measurement sites are equipped with Campbell Scientific CS215 T and RH probes (accuracy for T ± 0.4 K in the range 5 to 40°C) in white radiation shields, actively ventilated during sunlit periods. Raw measurement data at one-minute resolution were quality-checked as described in Meier et al. (2017) , and aggregated to hourly mean values for further analyses.
Additionally, T data from nine meteorological stations in and around Berlin maintained by DWD were used to complement UCON data (Table 1, Fig. 2 ). Measurement data (measurements taken with Eigenbrodt LTS2000 T probe in white radiation shields, accuracy ±0.2 K) are available as quality-checked products at hourly resolution (DWD Climate Data Center 2016; Kaspar et al., 2013) .
Both data sets combined form the reference data set of T , denoted as ref T , for comparison with crowdsourced data. Since the stations are located in a variety of local settings (cf. Table 1) they are highly suitable for this purpose. The stations are identical to the reference stations used in Meier et al. (2017) for the QA of CWS data but were supplemented by two more stations (KOEP and WIEN). All reference stations measure T in a height of 2 m above ground except at BAMB (2.5 m), DESS (3.5 m), and WIEN (33.6 m). Similar to CWS sites, data were corrected to a reference height of 48 m amsl according to the dry adiabatic lapse rate, taking into account the measurement height and using SRTM elevation data.
Local climate zone classification
Ideally, and following the recommendations by Stewart and Oke (2012), an LCZ classification process for a single measurement site should be carried out by (1) collecting the relevant metadata, (2) estimating the station's thermal source area, and (3) selecting the best suited LCZ for this site. Alternatively, a number of approaches have been made to derive LCZ maps for entire cities, using different types of data (e.g. Alexander and Mills, 2014; Lelovics et al., 2014; Unger et al., 2014; Geletic and Lehnert, 2016) . One approach that offers the possibility to potentially classify LCZ for any urban region using remote-sensing data and free software was developed by Bechtel and Daneke (2012) and Bechtel et al. (2015) . The method is used in an international effort to gather and distribute information on form and function of cities worldwide in a consistent manner, called the World Urban Database and Access Portal Tools (WUDAPT) See et al., 2015) . The WUDAPT-LCZ approach was successfully applied by, e.g., Brousse et al. (2016) for Madrid, Spain, and by Perera and Emmanuel (2016) for Colombo, Sri Lanka.
This LCZ classification is a supervised classification method, thus the user first creates training areas (TA) for each LCZ using Google Earth software (map data: Google, DigitalGlobe). The TA are used by SAGA GIS software to identify the underlying spectral and thermal properties of each LCZ from Landsat images, train a random forest classifier (Breiman, 2001) , and subsequently apply the classifier to infer the most probable corresponding LCZ for each pixel. The whole classification process is iterative, i.e., after the first and following classifications the TA can be corrected by the user to optimise classification results.
The LCZ classification for Berlin was carried out using the available materials on the WUDAPT webpage (http://www.wudapt.org/). This includes Landsat scenes (LC81930232015084LGN00 and LC81930232015100
LGN00 from March and April 2015, respectively), and a predefined region of interest (ROI). Six iteration steps were carried out to improve the LCZ classification, and a post classification filter (majority filter with radius of two pixels) was applied to the last classification, avoiding a too granular classification image. The final classification was evaluated in terms of accuracy and robustness, showing an overall consistent and correct classification. Details on the evaluation are given in Appendix B.
The final LCZ classification (resolution 0.0011°; ∼ 122 × 75 m 2 ) was resampled to a regular 100 × 100 m 2 horizontal resolution using nearest-neighbour interpolation for further analyses (Fig. 2) . Afterwards, a LCZ was assigned to each CWS and to each reference station using a two-step procedure. First, the LCZ of the pixel containing the station was assigned. Second, all measurement sites located in regions of heterogeneous LCZ coverage were excluded to avoid obscuring the T signal with stations not representative for a specific LCZ. This was done by keeping a station if more than 20 pixels within a 5 × 5 kernel (i.e., 80 %), centred on the pixel assigned to the respective station (step 1), were of the same LCZ as the centre pixel. The kernel width corresponds to a distance of approximately 250 m around each site, which is consistent with the definition of 'local' by Stewart and Oke (2012) , and which was also used by, e.g., Lelovics et al. (2014) as the minimal distance from the boundaries of a LCZ area for measurement sites in Szeged, Hungary, or for LCZ classification of stations by Skarbit et al. (2017) .
This two-step LCZ assignment reduced the number of CWS and reference stations. The WUDAPT-LCZ of these twelve sites was also checked against a LCZ classification using detailed land cover information, aerial photography, and local expert knowledge (Table 1) . Only for two sites, ALEX and MARZ, the two types of LCZ classifications do not match. Site ALEX was classified as LCZ 2 (dense midrise) and site MARZ as LCZ 4 (open high-rise) in the WUDAPT classification, while the classification with detailed land cover data locates both sites in LCZ 5 (open midrise). However, considering the values of surface properties for these LCZ as given by Stewart and Oke (2012) , it becomes obvious that there is overlap between these LCZ, and hence a clear distinction cannot always be easily made. For a consistent methodology the WUDAPT-LCZ classification was used for all stations and sites ALEX and MARZ were included in the analyses.
Throughout the text the term 'LCZ' is used when referring to individual LCZ classes, i.e., all regions of one specific LCZ. This does not necessarily mean that these LCZ are one contiguous geographical area or zone. 
Calculations and statistics
The thermal regime of LCZ and T differences between LCZ were analysed for each month of the year for different time periods during the day. Daily means (all 24 hours of a day) were computed as well as means during day-and night-time periods.
The daytime period (1300-1600 UTC+1) corresponds to the hours of a day when daily maximum T most frequently occurs in Berlin and when the (urban) atmosphere is well mixed, resulting in typically small T differences between sites (Oke, 1982; Christen and Vogt, 2004; Chow and Roth, 2006; Erell and Williamson, 2007) . The night-time period (4-7 hours after sunset UTC+1) covers the time when local-scale T differences between sites are well established, which typically occurs between three to five hours after sunset, and lasts until sunrise (Oke and Maxwell, 1975; Oke, 1982; Unger et al., 2001; Chow and Roth, 2006; Erell and Williamson, 2007) . Moreover, cooling rates are similar among different urban environments during this period (Holmer et al., 2007; Holmer et al., 2013; Leconte et al., 2016) , hence spatial T differences remain fairly constant (Holmer et al., 2007; Fenner et al., 2014; Hu et al., 2016) . The end of the night-time period also takes into account the shortest night during the year, which is just over seven hours long in Berlin.
At first, mean T per time period for each day of the year was calculated for each site (CWS and reference stations) if at least 20 valid values for daily averages and three values for the four-hourly time periods were available. Then, if a station provided valid data for at least 80 % of the days of a month, monthly average values per time period were calculated for this station. Afterwards, all stations were grouped to their respective LCZ.
To test whether significant differences in cws T between LCZ existed, a one-way analysis of variance (ANOVA) was carried out per month and each time period using the non-parametric Kruskal-Wallis test (Kruskal and Wallis, 1952) . For significant results (p < 0.05) pairwise two-sided Wilcoxon-Mann-Whitney post-hoc tests (Wilcoxon, 1945; Mann and Whitney, 1947) were carried out for each LCZ pair to detect significant differences. Both tests do not require a normal distribution of the tested data, and were thus selected over parametric tests such as the t test (Gosset, 1908) . The significance level of the post-hoc tests was adjusted according to the Holm-Bonferroni method (Holm, 1979) to account for multiple tests and to achieve an overall significance level of p < 0.05.
Differences in T between two LCZ x and y, i.e., ΔT LCZ x−LCZy were calculated as follows:
where T LCZ x and T LCZ y are the mean values across all sites in LCZ x and LCZ y, respectively. This follows the recommendations of Stewart et al. (2014) that spatial averages should be used to obtain locally representative values. Calculations of ΔT LCZ x−LCZ y were carried out for CWS and reference data separately and not merging the two data sets, following the approach of Chapman et al. (2016) .
Additionally, ΔT LCZ x−LCZ y were analysed for 'ideal' weather situations with clear skies, calm winds, and no precipitation. These conditions favour the development of pronounced thermal differences among different environments (Magee et al., 1999; Morris et al., 2001; Erell and Williamson, 2007; Stewart and Oke, 2012; Arnds et al., 2017; van Hove et al., 2015) . For this analysis, only days with mean wind speed ≤ 2 m s −1 , mean cloud cover ≤ 2 octas, and precipitation < 1 mm d −1 for the preceding day and the day itself at station TEGL were used. In total, seven of these 'ideal' days occurred in 2015 (10 April, 04 June, 29 August, 27 and 28 September, 01 October, 11 November), and mean T was calculated for each station and time period, if valid data for at least six of these seven days existed. Like for the monthly analysis, an ANOVA (Kruskal-Wallis test) and subsequent pairwise two-sided Wilcoxon-Mann-Whitney tests were carried out to detect significant differences between LCZ.
Results
LCZ distribution and coverage by CWS
Within the ROI LCZ A (dense trees) and D (low plants) exhibit highest spatial coverage. Together they cover more than 50 % of the area (Fig. 2) . With approximately 20 % of the area, LCZ 6 (open low-rise) is the third most dominant LCZ, extending around Berlin's city core into the outskirts of the city and beyond the administrative border of Berlin. Within the city's core, LCZ 2 (compact midrise) dominates over LCZ 5 (open midrise), though the latter contributes to a higher overall spatial coverage. LCZ 1 (compact high-rise), 3 (compact low-rise), 7 (lightweight low-rise), 10 (heavy industry), and E (bare rock or paved) do not occur (Fig. 2) .
The number of CWS with valid data within the ROI varies per month and time period (Fig. 4) . In general, three effects can be noted: (1) more CWS with valid data are available for night-time than for daytime or daily mean values, (2) the number of stations increases over the course of the year 2015, and (3) the number of CWS is highly differing between LCZ. Overall, September has the highest number of available CWS (n = 451) for night-time, and December for daytime (n = 318) and daily mean values (n = 375). A distinctive drop in number of CWS in October can also be noted for daily mean and daytime values, while CWS availability during night-time is fairly constant throughout the year. Spatial distribution of CWS within individual LCZ is fairly uniform across the ROI (not shown). At least one CWS with valid data is located in each existing LCZ except in LCZ B (scattered trees), F (bare soil or sand), and G (water). Much more stations are, however, found in 'urban' LCZ (1 to 10) than in 'natural' LCZ (A to G). The highest number of available CWS per LCZ is in LCZ 6, irrespective of month and time period (Fig. 4) , with at least 48 % of all CWS in the study region (highest number: 226 CWS in LCZ 6 in October during night-time, i.e., 52 % of all CWS). LCZ 2 and LCZ 5 show similar numbers of CWS per month for daily mean and daytime values (up to 79 CWS for LCZ 2 in August), while for night-time nearly twice the amount of stations is located in LCZ 2 compared to LCZ 5 (Fig. 4) . Between one and sixteen CWS are located in the remaining LCZ.
Monthly and annual air temperature characteristics per LCZ in 2015
Mean monthly T per LCZ is shown in Table 2 
Intra-LCZ variability
Boxplots per LCZ and month with mean T for each measurement site allow a detailed analysis of intra-LCZ T variability. Fig. 5 and Fig. 6 show the distribution of T among CWS and reference stations for the months February and August, respectively, and reveal a large variability for most LCZ. In general, summer months show higher intra-LCZ cws T variability than winter months, and night-time hours larger variability than daytime or daily mean values (Fig. 5, Fig. 6 ). August is an exception to this with similar intra-LCZ variability during daytime and night-time, though the interquartile range is smaller for daytime than for night-time (Fig. 6 ). Also, with a higher number of CWS per month, higher intra-LCZ variability is found. A good example is LCZ 6 with most CWS and the largest range between minimum and maximum cws T among all LCZ in most months. This range is as high as 6.6 K in August for daytime and 6.1 K in May for night-time (not shown). Likewise, the LCZ with second and third most CWS, i.e., LCZ 2 and LCZ 5, show considerable spread among monthly mean cws T for all three time periods. It is also worth noting that the inter-quartile ranges in Fig. 5 and Fig. 6 , as well as the standard deviation (spatially) in Table 2 for LCZ 2, 5, and 6 are broadly similar, showing that all three LCZ are much alike in terms of spatial T variability. (Fig. 5,  Fig. 6 ).
Inter-LCZ differences
Significant differences in cws T (p < 0.05) between at least two LCZ can be found for all months in 2015 for daily mean and night-time values. These differences are not only present between 'urban' LCZ and 'rural' surroundings, i.e., an UHI, but also between LCZ located within the city, i.e., inner-city T differences. For daytime values the ANOVA reveals only three months (September, November, and December) with significant differences.
Highest mean monthly Δ cws T LCZ x−LCZ y are found for night-time, while daily mean and daytime values are lower. Fig. 7 shows Δ cws T LCZ 2−LCZ y along the annual cycle for the three time periods as LCZ 2 is the LCZ with highest mean monthly T and with the highest number of significant Δ cws T LCZ x−LCZ y . Additionally, the same analyses were conducted with all other possible LCZ pairs, which resulted in a lower number of significant differences. Especially high values of Δ cws T LCZ 2−LCZ D are found for the months May and August during nighttime (> 3.5 K, Fig. 7c ) and daily mean values. LCZ 2 shows significant cws T differences to any other LCZ except LCZ 4 and LCZ 8 (containing only one or two CWS). For daytime, significant Δ cws T LCZ 2−LCZ y are only detected in November and December, though some months exhibit larger differences than values in these months (Fig. 7b) . (Fig. 8a ) and night-time (Fig. 8c) . Daytime Δ ref T LCZ 2−LCZ y are similar for most LCZ, always < ±1 K, and mainly positive (Fig. 8b) . Largest differences are found for Δ ref T LCZ 2−LCZ B for daily mean and night-time values, especially in the months May and August for night-time (Fig. 8c) . Table 3 provides an overview of all available annual mean ΔT LCZ x−LCZ y in 2015, displaying that largest differences between LCZ in CWS data amount to Δ cws T LCZ 2−LCZ A/D = 1.0 K and for reference data to Δ ref T LCZ 2−LCZ B = 1.8 K. Generally, higher ΔT LCZ x−LCZ y are found for LCZ that are structurally dissimilar, e.g., ΔT LCZ 2−LCZ A . Table 3 also shows an overall good agreement between CWS and reference data with all differences between the two datasets ≤ ±0.4 K.
Ideal weather situations
Under ideal weather conditions for the formation of local-scale ΔT , intra-LCZ variability is again highest for LCZ 6 (Fig. 9) . LCZ 5, however, shows a similar range for night-time. The range for LCZ 2 is smaller and only slightly higher than for LCZ 4, though much more CWS are located in LCZ 2 (n = 56) than in LCZ 4 (n = 4). As for monthly mean values, intra-LCZ T variability is higher during night-time than during the day (not shown). Fig. 9 also shows, as seen for the monthly analyses in Fig. 5c and Fig. 6c , that T at reference stations is generally lower than at CWS during night-time.
All available ΔT LCZ x−LCZ y during night-time under ideal weather conditions is presented in Table 4 for CWS and reference stations. Though values are higher than monthly or annual mean ΔT LCZ x−LCZ y , significant (overall p < 0.05) Δ cws T LCZ x−LCZ y can only be found for four LCZ pairs (Table 4 ). The highest significant Δ cws T LCZ x−LCZ y is for LCZ 2-6 (3.6 ± 1.1), two 'urban' LCZ. Comparing Δ cws T LCZ x−LCZ y and Δ ref T LCZ x−LCZ y shows that differences between the two data sets are small (≤ ±0.2 K) only for three pairs. For all other ΔT LCZ x−LCZ y during night-time and under ideal weather conditions differences between CWS and reference data are at least ±0.7 K and up to 2.9 K (Table 4) .
Discussion
LCZ coverage and measurement site locations
The CWS data set has some characteristics that are unusual as compared to classical meteorological measurement time series, especially changing number of measurement sites providing valid data throughout time (and space). Particularly remarkable are the large differences in the number of available CWS between daytime, nighttime, and daily periods, and the strong variation across the months, particularly for daily and daytime values. Main reasons for these characteristics are the filter techniques applied by Meier et al. (2017) . These filters include a daytime 'radiation' filtertofilter out unrealistically high cws T , since Netatmo CWS are especially prone to radiation errors due to the compact construction with an unventilated aluminium cylinder as outer shell Meier et al., 2017) . Such design flaws in view of obtaining accurate measurements are common among amateur weather stations (Bell et al., 2015) , and must thus be considered in data quality assessments. This 'radiation' filter was applied by calcu- 
lating the difference between hourly T at a specific CWS and mean T across the reference network at that hour (filter C2 in Meier et al. (2017) ). If the positive difference was larger than three times the standard deviation in T across the entire reference network at that hour, the CWS measurement was filtered out. The analyses show that this filter markedly filters out CWS located in LCZ 2 and LCZ 5, explaining the large difference in the number of CWS in these LCZ between the daytime and nighttime period (Fig. 4) . In the absence of detailed meta data for CWS it cannot be said with certainty, but more stations within these LCZ could be poorly placed and exposed to radiation. It was checked whether CWS filtered during daytime show high T at night, which could indicate a poor siting, but no evidence for this was found. The fact that the number of CWS for daily and daytime values is much lower in October than during the months before and after is also likely due to the 'radiation' filter. Shedding of the leaves of trees usually happens in October in Berlin, while in September trees are still foliated, providing shadow and hence also shadowing CWS. In November, on the other hand, solar radiation and solar elevation rapidly drop. Thus, radiation errors of CWS are lower and occur less often.
As shown in Section 3.1, LCZ coverage in the study area is dominated by 'natural' LCZ, mainly LCZ A and D, followed by LCZ 6. Contrary to that, Netatmo CWS are located mainly in 'urban' LCZ, coming as no surprise as these are the areas were most users of CWS live. This gives proof of the fact that CWS can be of additional value for studies focusing on urban areas, since coverage in urban areas by traditional measurement networks is usually sparse (Muller et al., 2013) . Moreover, when investigating intra-urban differentiation of climate conditions by, e.g., application of the LCZ concept, only a limited number of cities have, so far, implemented a network of stations that capture all urban environments, and mostly with only one station per LCZ. CWS in Berlin cover all classified 'urban' LCZ with at least one station per LCZ, while other LCZ are represented by more than 50 stations. It becomes clear that crowdsourced data from CWS can provide additional information to study, e.g., intra-LCZ variability of atmospheric conditions. Moreover, the large number of CWS enables the application of statistical tests in the detection of significant differences between LCZ pairs under consideration of spatial variability within individual LCZ. Reference networks, on the contrary, commonly have only one or very few sites per LCZ, which prevents statistical testing of inter-LCZ differences. However, many CWS in one LCZ are mainly in densely built-up environments (LCZ 2 or LCZ 5) or in populated regions with large spatial coverage (LCZ 6) in Berlin. Natural environments outside the urban area (e.g. LCZ A) or within the city, i.e., urban parks, as well as industrial areas (LCZ 8 or LCZ 10, the latter not being present in Berlin) are underrepresented or not represented at all in the CWS data set. Due to the low costs of these sensors this limitation could be overcome by researchers by installing additional sensors in LCZ with few CWS at the moment. Chapman et al. (2016) reported similar attributes of Netatmo data in London. Hence, this type of crowdsourced atmospheric data is far from being perfect in terms of representing all environments of an urban region. Reference data from professionally operated measurement networks are indispensable to cover such environments. While this imbalance is likely to remain, the increasing total number of CWS might help to obtain a more representative picture in less populated LCZ as well.
For existing standard measurement networks the question of how representative the given location of a station is for specific urban environments, such as represented by LCZ, arises . From the initial set of reference stations several were excluded from the analyses due to large spatial heterogeneity in the local surroundings in the WUDAPT-LCZ classification. It must be kept in mind, though, that this LCZclassification methodology also has some uncertainties associated with it (cf. Appendix B). More importantly, however, the existing reference network grew throughout the past decades, some stations exist already more than 100 years (stations DAHL and POTS), and locations of measurement sites were not selected following the LCZ concept. This would be necessary to obtain clear LCZ signals (Lehnert et al., 2014) . Nonetheless, it is apparent that a careful site location in homogeneous surroundings is essential for representative measurements, especially in urban regions (Oke, 2006) .
Uncertainties in CWS measurements
Throughout the analysis of monthly T characteristics it was shown that mean cws T is, in general, higher than ref T . While in most cases mean deviation is ≤ 0.3 K, it is notably higher in some months and for some LCZ, namely LCZ 4, 5, and 6. Due to the intra-LCZ T variability the deviation between single CWS and reference stations is several K. Chapman et al. (2016) described similar deviations between Netatmo CWS and standard measurement stations of up to several K, also depending on weather conditions. Specifically, weather conditions with low wind speeds and low cloud cover promoted deviations between CWS and reference data . The analyses confirm this finding in such a way that while under the investigated 'ideal' days deviations in T and ΔT LCZ x−LCZ y between CWS and reference data are stronger than in monthly or annual mean values, which include all weather situations.
One of the biggest challenges when dealing with crowdsourced CWS data is the issue of siting of these stations . Presumably, most Netatmo CWS are not installed following standards for meteorological observations in cities (Oke, 2006) , but situated at locations that are prone to microscale effects, such as courtyards, and close to building walls and on balconies. Hence, it can be assumed that most CWS do not measure locally representative T conditions in open environments or in regions of an urban street canyon where the air is well mixed. These regions are typically in the middle of the canyon and at heights of some metres above the ground. Close to building walls and to the ground, T might be notably higher; an effect that is particularly pronounced during daytime and smaller at night (Nakamura and Oke, 1988; Niachou et al., 2008) . This would result in higher T in CWS data compared to reference data, which would explain the positive deviations in monthly mean cws T in comparison to ref T . However, the analyses (Fig. 5, Fig. 6 ) revealed higher deviations between CWS and reference data during night-time, which could be due to more filtering ('radiation' filter, see above) during daytime. Detailed measurements in a variety of local environments with CWS and standard sensors in close proximity to building walls, as well as further away from buildings would enable a better understanding of the observed deviations.
A contrary effect on T data, i.e., lower values in CWS in comparison with reference data, is related to the measurement height of CWS. Heights can range from locations close to the ground up to several tens of metres above ground level. Higher measurement locations within a street canyon would result in lower temperatures compared to locations closer to the ground for neutral or unstable conditions, which are typically prevailing in cities (Christen and Vogt, 2004) . Since detailed meta data for CWS are not available, height and site conditions of CWS are unknown, and thus a height correction that takes into account the actual measurement height is not possible. It was only possible to correct for the differences in terrain elevation, assuming a uniform height of CWS of 2 m. As Chapman et al. (2016) noted, this issue of missing meta data "can only realistically be overcome by including a voluntary meta data section online for end users to document, with images, the siting and exposure of their instruments". Meta data of stations are thus a key challenge when using CWS data, and this needs particular attention in the future. It could be shown, however, that spatial mean T across all CWS in one LCZ is comparable to reference data, as well as spatial differences between LCZ. This supports previous studies, saying that spatial mean T should be used (Stewart et al., 2014; Leconte et al., 2015) , and corresponds well to the notion that a larger atmospheric scale, i.e., the local scale, is a combination of smaller scale features, i.e., of micro-climatic effects (Oke, 2006) . Hence, results from single or few CWS must be treated carefully for analyses of local-scale atmospheric conditions since crowdsourced CWS might measure microscale conditions that are unknown in absence of detailed meta data. The large number of stations, however, enables calculations of locally representative mean values, while at the same time allowing for a study of intra-LCZ T variability.
Further reasons for deviations between CWS and reference data could be more sensor-specific, such as sensor accuracy or the unventilated case of the Netatmo unit. However, Meier et al. (2017) showed with climate chamber experiments that the sensor accuracy of Netatmo CWS is within the specified accuracy range of ±0.3 K with only a slight warm bias (∼ 0.5 K) around 0°C, which is in the range of the deviations between CWS and reference data that were found. This being said, the unventilated case of Netatmo CWS is an important issue with these stations. The applied data filter techniques address this issue, and it is assumed that the data presented here are mostly free of problems that could result from the compact construction of this type of CWS, namely radiation errors (Nakamura and Mahrt, 2005) . In fact, the applied daytime 'radiation' filter applied in Meier et al. (2017) might be too strict, as discussed above.
Keeping in mind the discussed uncertainties, it was nonetheless found that most deviations of mean cws T compared to ref T in individual LCZ are small and that, considering spatial variability, both data sets cannot be distinguished from each other for many LCZ. Moreover, ΔT LCZ x−LCZ y showed good agreement between both data sets for monthly and annual means, whereas deviations where larger during selected 'ideal' days. While further investigations are needed to better understand the reasons behind these deviations and to assess the applicability of CWS data during such weather conditions, long-term studies can make use of the large amount of CWS in urban regions. If CWS and standard meteorological data are then to be used in combination with each other, it is crucial to document systematic differences between and the ranges of uncertainty of both data sets. By doing so, it is possible to benefit from the merits of both data sets, i.e., the high-quality data of reference measurements and their location in environments not covered by CWS, and the large number of CWS in areas where reference measurements are sparse.
Intra-LCZ variability
The analyses of monthly T per LCZ reveal intra-LCZ T variability of several K for some LCZ, especially for those with a large number of stations. Moreover, intra-LCZ T variability is more pronounced during night-time than during the day or in daily mean values, and in some cases as high as or even higher than differences between LCZ. This corresponds well to previous findings by Houet and Pigeon (2011) , who also reported higher intra-class T variability in comparison to inter-class differences for some classes in Toulouse, France, applying the concept of Urban Climate Zones (UCZ; Oke, 2006), a predecessor of LCZ. They (Houet and Pigeon, 2011) also showed higher night-time (T min ) than daytime intraclass variability in winter and summer during dry days with low wind speeds and clear sky conditions. Analyses by Skarbit et al. (2017) for Szeged, Hungary, revealed intra-LCZ variability of up to 1.5 K for LCZ 6 at nighttime during days with low wind speeds and low cloud cover, being larger than for LCZ 5 or LCZ 9, and larger than during the day. This corresponds well to our findings with higher nocturnal variability than during daytime. They (Skarbit et al., 2017) argue that this variability is likely due to micro-scale differences in exposure, surface cover, and anthropogenic heat sources at the measurement sites. Intra-LCZ T variability was also observed by Leconte et al. (2015) for different LCZ using mobile measurements during summer in Nancy, France. Intra-LCZ variability was especially pronounced in LCZ with heterogeneous urban fabric and was sometimes in the same range as ΔT between two LCZ (Leconte et al., 2015) . Mobile measurements by Heusinkveld et al. (2014) also revealed considerable T variability within small distances, though no analyses concerning LCZ were carried out. In addition to that, Ellis et al. (2015) reported intra-neighbourhood (no LCZ or UCZ classification) T differences between measurement stations located either in open or shaded (by vegetation) surroundings of more than 1 K for daytime (T max ), which was higher than for night-time (T min ). Open stations measured significantly higher T max than shaded ones (Ellis et al., 2015) . Presumably, such processes contribute to the observed intra-LCZ T variability in CWS data, since Berlin's streets and courtyards are characterised by a high percentage of tree cover.
To further investigate whether the observed intra-LCZ variability is too large to differentiate between LCZ, i.e., groups of CWS, and whether these groups of CWS correspond to specific LCZ, a k-means cluster analysis (Steinhaus, 1957; Forgy, 1965; MacQueen, 1967; Lloyd, 1982) was carried out. Details of the analyses are given in Appendix C. It can be shown that the cluster algorithm can differentiate between groups of CWS, and that these groups of CWS correspond to different LCZ, despite the intra-LCZ variability. The LCZ concept is therefore applicable to characterise crowdsourced measurement stations according to their T characteristics. Also, since the results of the cluster analysis improve when applying the kernel filter for homogeneous LCZ coverage in the local surroundings (cf. Section 2.4, Appendix C), it becomes obvious that this filter is crucial and justified in order to obtain LCZ specific results, both concerning intra-LCZ T variability as well as inter-LCZ differences. However, the cluster analysis also shows that there is overlap between LCZ, which indicates that the LCZ concept does not fully explain the T variability observed with CWS. It must be kept in mind, though, that LCZ are also a discretisation of a continuum of urban structures. Each LCZ allows for a certain range of parameters such as building height, building surface fraction, and sky view factor, and therefore, intra-LCZ T variability is to be expected. A differentiation of LCZ into subclasses (e.g., LCZ 2 B as compact midrise buildings with an abundance of street trees) might lead to more distinguished results concerning T characteristics. In this respect, the WUDAPT approach to derive a LCZ classification has a limitation since it cannot differentiate between subclasses. Further research is thus needed to derive more detailed classifications, also concerning the challenges in applying the LCZ scheme to European cities, as pointed out by Wicki and Parlow (2017) .
While some of the remaining observed intra-LCZ T variability is, on the one hand, probably linked to microscale features of the direct surroundings of a station, parts of it are, on the other hand, likely linked to the size of the urban area of Berlin and the therefore larger scale influence of the city onto the urban boundary layer itself. This 'meso-scale' effect of Berlin was shown to be at least 0.3 K when comparing T at stations located in the same LCZ, one inside and one outside of the city (Fenner et al., 2014) . Since the applied methodology groups all stations into one LCZ, irrespective of their location within the study region, meso-scale effects might contribute to the intra-LCZ T variability observed with CWS data, but also present in the reference network. Skarbit et al. (2017) argue in a similar way to explain observed intra-LCZ T variability in Szeged, Hungary, also bringing forward that peripheral regions of the city might be subject to a country breeze of cool air and thus lower T measured at stations located at the city borders. Due to the large number of CWS in the study region, this effect could be studied in more detail, also similar to analyses by Bassett et al. (2016) , but this goes beyond the scope of this study.
Inter-LCZ differences
The analyses with CWS data show statistically significant ΔT for a broad variety of LCZ pairs, both between intra-urban LCZ, i.e., pairs of 'urban' LCZ, as well as 'urban' and 'natural' LCZ. Further, different environments in Berlin differ in T especially during night-time, which is in line with existing literature on UHI and LCZ differences for mid-latitude cities (e.g. Yagüe et al., 1991; Erell and Williamson, 2007; Fortuniak et al., 2006; Houet and Pigeon, 2011; Lehnert et al., 2014 , Leconte et al., 2015 . Also, daytime ΔT LCZ x−LCZ y are small both in CWS and reference data, and few significant differences can be found in CWS data. This shows that the urban atmosphere is well mixed across the whole study region, and different local environments do not lead to distinct T differences.
Night-time cws T differences are more pronounced during the warmer months of the year than during colder months, which is also typical for mid-latitude cities (e.g. Kłysik and Fortuniak, 1999; Morris et al., 2001 , Skarbit et al., 2017 , and which was previously reported for Berlin (Fenner et al., 2014) . High night-time and daily mean inter-LCZ differences are especially present during May, August, and September 2015, which can be linked to the weather conditions during these months. The weather conditions were favourable for the development of local-scale T differences, i.e., low amounts of precipitation (May, August, and September) and high T (August) (Fig. 3) . During August 2015, the region of Berlin was subject to heat wave conditions with twelve hot days at station TEGL, i.e., days with T max ≥ 30°C. Such conditions intensify T differences between urban and rural environments compared to long-term mean values, as shown by Cheval et al. (2009) for Bucharest, Romania, and by Fenner et al. (2014) for Berlin. Results obtained for 'ideal' days further confirm the notion that dry, calm, and cloud free weather conditions promote local-scale T differences (Stewart and Oke, 2012) since ΔT LCZ x−LCZ y during these days are more pronounced compared to monthly and annual mean values. Overall, results obtained for the study year 2015 are in line with previous long-term investigations for Berlin (Fenner et al., 2014) . Thus, it can be assumed that the results are not only due to special conditions during one single year but also representative for longer time frames.
Values of ΔT LCZ x−LCZ y were presented on a mean basis, e.g. monthly or annual mean values, and CWS data generally conformed to reference data. It is worth investigating, however, if crowdsourced CWS data can also capture the temporal variability along these time frames. For this, scatterplots showing absolute ΔT LCZ x−LCZ y and the corresponding temporal SD allow an easy-to-interpret possibility to (1) investigate if reference and CWS data show similar patterns, and to (2) detect if mean |ΔT LCZ x−LCZ y | values are reliable, i.e., if |ΔT LCZ x−LCZ y | is larger than SD. Fig. 10 displays such scatterplots for all available annual mean daily, daytime, (Fig. 10a and Fig. 10c, respectively) . Besides, Fig. 10 displays that CWS and reference data show a similar pattern, and that even for mean annual ΔT LCZ x−LCZ y close to 0 K, a SD between 0.2 and 0.5 K is present. Hence, only |ΔT LCZ x−LCZ y | higher than that are reliable and interpretable. These statements concerning daily mean and night-time periods hold also true for individual months (Appendix D). For daytime values (Fig. 10b) , though, results are different. For all LCZ pairs in CWS and reference data, annual mean |ΔT LCZ x−LCZ y | is lower than SD, and thus values are not interpretable since temporal variation is larger than the mean value. It shows that during daytime urban environments do not differ to one another systematically on an annual basis. On a monthly basis, however, some LCZ pairs in CWS data show higher |ΔT LCZ x−LCZ y | than SD (Appendix D), being different to reference data. These pairs with higher |ΔT LCZ x−LCZ y | correspond to LCZ with few CWS and further demonstrate that a low number of sites can result in deviations to reference data that cannot be easily explained. We argue that if only few CWS are available per LCZ and for daytime periods, Δ cws T LCZ x−LCZ y values have to be looked at carefully and interpreted with caution. While further analyses are required to understand these deviations for daytime periods, it can also be inferred from the analyses that CWS data are suitable for LCZ analyses for daily mean and night-time values.
Conclusions and outlook
This study of crowdsourced T data from CWS in Berlin, in combination with the LCZ concept, shows the applicability of this novel data set in urban climate research. The different (urban) environments are well represented by CWS with an unprecedented number of measurement stations for several LCZ. However, some classes are under-represented in CWS data, especially 'natural' LCZ. The annual cycle of T shows good agreement between CWS and reference data, though strong deviations between the two data sets occur for some LCZ and months. Such deviations are mainly due to the nonstandard set-up of CWS, highlighting the need for further research to understand how measurements obtained from CWS can be combined with existing meteorological networks. In this respect, detailed meta data are crucial, which is a key issue of crowdsourced CWS data. This holds especially true for results obtained for daytime and with small numbers of CWS, when data analyses are more dependent on the individual qualities of a CWS in terms of measurement location and continuous data availability. For LCZ with a high number of CWS and if longer time frames are under consideration, extreme values are averaged out and mean values show good agreement with reference data.
The multiplicity of CWS in LCZ allow the investigation of intra-LCZ T variability, which is especially large during night-time. This intra-LCZ T variability is linked to intra-LCZ variation of urban structures, microscale heterogeneity of the surroundings of a measurement site, and likely a meso-scale influence across the entire urban region. Furthermore, the large number of CWS allows the application of statistical tests to detect significant ΔT between LCZ pairs, taking into account the spatial variability within individual LCZ. These inter-LCZ differences are especially pronounced at night-time and present between inner-city LCZ as well as 'urban' and 'natural' LCZ, showing that thermal climates of an urban region can be differentiated with CWS data. Further, annual mean ΔT at CWS are similar to values measured with reference stations, allowing us to conclude that crowdsourced data yield reliable information on differences of thermal characteristics between urban environments. In this respect, the LCZ concept proved to be applicable. However, T variation within individual LCZ is considerable and thus should not be neglected. Further research is needed to assess the impact of microscale heterogeneity and meso-scale influences, how these could be further considered when applying the LCZ scheme, but also how automated LCZ classification methods could be improved to derive LCZ subclasses. This could help to overcome some of the challenges when applying the LCZ concept on a large data set of measurement stations, and to exploit the full potential of the concept with respect to intra-urban distinction of local-scale environments.
With this study it was demonstrated that crowdsourced data from CWS are suitable as complementary data to existing measurement networks to study urban climate phenomena and to investigate features that are difficult to detect with a low number of measurement sites. Thus, crowdsourcing of atmospheric data is currently the only way to detect the large spatial heterogeneity of urban thermal climate with observations. Future research utilising crowdsourced atmospheric data could, e.g., focus on the question of how issues concerning missing meta data of CWS can be overcome. Further studies could make use of the dense distribution of CWS to analyse larger-scale advective UHI processes, investigate spatio-temporal characteristics of atmospheric humidity, which is also measured by Netatmo CWS, or target the question if data from CWS could provide dense information for studies focusing on spatially varying heat-related risks. are grateful to Tom Grassmann for helping with all issues concerning the collection of CWS data, as well as to Hartmut Küster and Ingo Suchland for maintaining the UCON weather stations, installed and operated from funds provided by the Technische Universität Berlin. Furthermore, we thank the German Weather Service for provision of atmospheric data. Lastly, the authors thank all colleagues for the fruitful discussions, as well as two anonymous reviewers for their valuable comments that helped to improve the manuscript. This research was funded by the Deutsche Forschungsgemeinschaft (DFG) as part of the research project 'Heat waves in Berlin, Germany -urban 
Appendix A
To retrieve data retrospectively from the Netatmo server for a specific time period a different method of the API has to be used compared to the method to obtain near real-time data. The 'getmeasure' method was used for retrospective acquisition of data in May and August 2015. Data obtained from this method are hourly mean values compared to instantaneous values using the 'getpublicdata' method (as described in Meier et al., 2017) . Comparison of data from the two methods for all days in August 2015 when both methods provided data reveals a hysteresis for the mean hourly values along the diurnal cycle (not shown). Mean hourly T from CWS are cooler (warmer) than instantaneous values of up to −0.3 K (+0.3 K) in the mean across all CWS during the morning hours after sunrise (during the evening hours around sunset). During night-time hours differences between CWS data from the two methods are below 0.1 K.
Appendix B
The evaluation of the final LCZ classification was carried out using two approaches: (1) a bootstrapping approach (Kaloustian and Bechtel, 2016) to test the consistency and robustness of the training areas (TA) and the resulting classification, and (2) with reference data from a second experienced expert to test the correctness of the TA.
The bootstrapping approach (1) conducts the LCZ classification based on the TA 25 times, each time using only 50 % of the TA (polygons) for training and using the other 50 % as evaluation areas. For each run, a number of accuracy measures are calculated based on a confusion matrix. The confusion matrix compares the LCZ assigned by the automated classifier in SAGA to the LCZ of the evaluation areas. The following accuracy measures were calculated: overall accuracy (OA all ), which is the ratio of correctly classified pixels to all pixels (within the evaluation set), OA urb is the OA for the 'urban' LCZ only, and κ is a standard accuracy measure accounting for the different percentages of classes. Good results in the bootstrapping are a strong indication for consistent training data, but it is insensitive to consistently false labeling (e.g. if all dense tree areas were labeled as water and vice versa). Therefore, (2) the same accuracy measures were calculated based on the independent reference data and the final LCZ map.
Mean OA all for the bootstrapping (case 1) is 0.68 and κ = 0.63, meaning that on average of the 25 runs 68 % of the classified pixels agree with the evaluation LCZ label. This is considered to be a good agreement since some variation can be expected, when using only half of the training data. For the 'urban' LCZ the accuracy is lower with OA urb = 0.57, showing that for urban areas it is more difficult to obtain robust results. Both OA values are similar to evaluation results reported by Brousse et al. (2016) for their WUDAPT-LCZ classification for Madrid, Spain (OA all = 0.67, OA urb = 0.59).
Comparing the classification with reference LCZ data (case 2), OA all is 0.95, OA urb is 0.92, and κ is 0.94. This shows that the TA used in the final LCZ classification are of high quality and therefore are considered to be a good representation of the actual LCZ in Berlin.
Appendix C
A k-means cluster analysis (Steinhaus, 1957; Forgy, 1965; MacQueen, 1967; Lloyd, 1982) was carried out to (1) test whether groups of CWS can be distinguished by automated cluster algorithms, corresponding to LCZ, and (2) whether the approach of the applied kernel filter to filter out stations in regions of heterogeneous LCZ coverage is merited. The cluster analysis was applied on a monthly basis and carried out as follows. First, hourly T differences at each CWS were calculated relative to reference site ALEX (Table 1 , located in LCZ 2). Second, mean monthly diurnal cycles of these differences were calculated per CWS, and all CWS that provided at least 80 % of values per hour and month were further considered. These mean values were then used as the dimensions in the k-means algorithm to cluster the stations. If all stations had no values during a specific hour (due to filtering or server outages) the number of dimensions was reduced by this hour. This approach using T differences was chosen to reduce the effect of weather on T at each CWS and to derive the characteristic thermal features along the diurnal cycle. The cluster method was firstly applied on all CWS (case a), and secondly only on those stations that passed the kernel filter for LCZ assignment (case b, cf. Section 2.4). In both cases, the number of unique LCZ among these CWS was chosen as the number of clusters in the cluster analysis. The cluster algorithm was run 100 times to check if the starting value of each cluster had an effect. However, in all 100 runs the same number of clusters was detected and the same clusters were assigned to the CWS. (Table 1) for each hour of the day with valid data for all sites (23 hours). All CWS were included in the analysis that provided ≥ 80 % valid data for each hour in the month. number of CWS per cluster and LCZ. For case a, it can be seen that some clusters correspond well with certain LCZ, but that there is also large overlap between clusters and different LCZ (Table A. 1). LCZ 6, e.g., has one main cluster (9, > 43 % of CWS in LCZ 6), but also all other clusters contain CWS in LCZ 6. After application of the kernel filter (case b) the clusters are much more clearly defined, resulting in a better automated differentiation of the CWS according to their T characteristics (Table A. 2). Now, for LCZ 6, one cluster (4) contains the majority (> 61 %) of CWS in this LCZ. Some confusion remains, however, and the LCZ do not correspond exactly to one cluster. Especially for LCZ 2 there is overlap with LCZ 5 and LCZ 6 for the two main clusters (1 and 8; Table A. 2). Nonetheless, it can be derived from the results that, firstly, CWS can be grouped to clusters according to their thermal characteristics on the diurnal cycle and that these clusters correspond to certain LCZ. Secondly, the kernel filter to filter out stations in heterogeneous LCZ environments is justified, which highlights the importance that the thermal source area of the measurement station must be characteristic of the respective LCZ to obtain clear LCZ specific results. 
